File S1: Details on the Metropolis—Hastings within
Gibbs MCMC algorithm implemented in the BayPass
program

The purpose is to sample from the posterior distributions of the parameters defined in the models
represented in Figure 1. To that end, each parameter is initialised to standard moment-based estimate
and sequentially updated using a standard Metropolis—Hastings (M—H) within Gibbs MCMC algorithm.
The same notations as in the main text are used in the following.

1 Update of the y;;’s (Pool-Seq data):

The parameters y;; are updated iteratively in each population, one locus at a time. The full conditional
distribution has the form:
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Because this full conditional is not of usual form, a Metropolis update is implemented. A candidate
yfj is sampled uniformly over the integer interval {kg) e lg)} where kg) =yij— 65}” and lg.) =y + 68.7).
The (integer) 68.') are adjusted for each y;; during pilot runs to obtain acceptance rates ranging between

Tmin and Thax. As a default, T, = 0.25 and Tax = 0.4 as usually recommended (Gilks e al.l [1996).
In practice however, it is important to note that each yl.cl. should take values within the (integer) interval

{y;‘;i“ . .y?}ax}, with:
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To account for these constraints, if yfj 1s outside this interval, the excess is reflected back; that is:
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o if y{; <yP™ then y, is reset to 2 Xy — y¢.
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o if yl‘j > y?}a" then it is reset to 2 X y
This leads to a symmetric proposal (Yang, 2005) and the candidate value yl‘.’j is thus accepted with
probability min(1, ng)) according to the Metropolis rule where :
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2 Update of the o’s:

Two different algorithms are implemented in BayPass to update a/l?} (recall that ;;; = 1 A (O V a/;;.)). The
first algorithm is expected to have better mixing properties, in particular for unbalanced designs (in terms
of population representativeness), because each alfj are updated in turn (this statement has not been tested
extensively). Unless otherwise stated, the second algorithm identical to the one described by |Coop et al.
(2010), in which vectors of allele frequencies are updated iteratively, is however generally used because
computationally (slightly) faster.

2.1 Algorithm 1:

The parameters a/l?‘j are updated iteratively in each population, one locus at a time. The full conditional
distribution has the general form:
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model B; = 0 and for the STD model ¢; = 1. Hence, from the properties of the multivariate Gaussian
(@nij = Wij CQyj. Here
C=0Q jkﬂi}‘ represents the matrix of regression coefficients and, €2x;, 2k and €2;; are blocks of the
matrice 2. For instance, for j = 1:

distribution: a;;. | ai,_j,A ~N (y(a),ij, (a),u) where pq)ij = = Ca;_ —j and o2
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Because this full conditional is not of usual form, a (random walk) Metropolis update is implemented.

* (c)

A candidate ;" is sampled from a uniform distribution: Unlf( 6(") af + 6(“)) The 6(")’ > are

adjusted for each a/l.j during pilot runs to obtain acceptance rates rangmg between Tmin and Tmax Asa

default, 7,;, = 0.25 and T« = 0.4 as usually recommended (Gilks et al.,|1996).

As the proposal is symmetric, the candidate value aj(‘)

according to the Metropolis rule where :

is accepted with probability min(1, (/,5}1))
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2.2 Algorithm 2 (Coop et al., 2010):

This Metropolis update was adapted from (Coop et al.| (2010) (Appendix A). The vectors al?" are updated
iteratively one locus at a time. he full conditional distribution has the general form:
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(see for a definition of Z;i;)
Because this full conditional is not of usual form, a joint Metropolis update is implemented. A vector
e

of candidate values ;" is sampled from the following Multivariate Gaussian proposal:

a© ~ MNV (Zx‘f,réﬁ”’))

where T is obtain from the Cholesky decomposition of @ = A~! (i.e., Q = TT) and the 65”)
are adjusted during pilot runs to obtain acceptance rates ranging between Ty, and Tpax. As a default,
Tmin = 0.25 and Ty, = 0.4 as usually recommended (Gilks et al., [1996).

As the proposal is symmetric, the candidate vector a/f’(c)

according to the Metropolis rule where :

is accepted with probability min(1, d/ga))
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3 Update of the r;’s:

The parameters mr; are updated iteratively one locus at a time. The full conditional distribution has the
general form:
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(see 2.1 for a definition of o)

Because this full conditional is not of usual form, a (random walk) Metropolis—Hastings update is
implemented. A candidate ngc) is sampled from a uniform distribution whose support is centred on the
current value of ;:

i) ~ Unif (max(e, 7; - 6{), min(1 - €, 7; - 6{"))

(€ = 1078 in BayPass)
The 61(.”)’3’ are adjusted for each 7; during pilot runs to obtain acceptance rates ranging between Tpiy
and Tyax. As a default, Tpin = 0.25 and T = 0.4 as usually recommended (Gilks et al.l |1996).



As the proposal may not be symmetric, the candidate value ;) is accepted with probability min(1, zﬁl(.”))
according to the Metropolis—Hastings rule where :
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4 Update of A:

From the conjugacy properties a simple Gibbs update is possible consisting in directly sampling A = Q™!
in its full conditional distribution. Indeed the full conditional of A is a Wishart distribution:
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Working on €2, Coop et al.|(2010) found an equivalent result (Appendix Af]

5 Update of a, and b,:

To update a, and b,, we follow the reparametrization in terms of mean u, = o and "sample size"
Vr = ap + by (e.g.[Kruschke, [2014). Equivalently, a, = pu,v; and b, = (1 — p;)v,. The parameters u, and
v, are updated one at a time.
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5.1 Update of p,:

The full conditional distribution of u, has the form:
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Because this full conditional is not of usual form, a (random walk) Metropolis—Hastings update is
implemented. A candidate ,uff) is sampled from a uniform distribution whose support is centred on the
current value of y,:

19 < Unif (max(e, 7 — ™), min(1 — €, 7; — 6(”)))

(€ = 107* in BayPass)

6™ is adjusted during pilot runs to obtain an acceptance rate ranging between Tpi, and T As a
default, T, = 0.25 and T« = 0.4 as usually recommended (Gilks et al., [1996).

As the proposal may not be symmetric, the candidate value ,u,(f) is accepted with probability min(1, y®)

according to the Metropolis—Hastings rule where :
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5.2 Update of v,:

The full conditional distribution of nu, has the form:
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Because this full conditional is not of usual form, a (random walk) Metropolis—Hastings update is

implemented. A candidate vff) is sampled from a log—normal distribution is centred on the current value

of v:
log (vff)) ~N (log (vgf)) ; 6(”))

6™ is adjusted during pilot runs to obtain an acceptance rate ranging between Tpi, and Tpax. As a
default, 7, = 0.25 and T« = 0.4 as usually recommended (Gilks et al., [1996).
As the proposal is not symmetric, the candidate value vgf) is accepted with probability min(1, ™)

according to the Metropolis—Hastings rule where :
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6 Update of the 5;’s (AUX and STD models):

The parameters S; are updated iteratively one locus at a time.

6.1 In the STD model or if 6; = 1 in the AUX model:
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To simplify further notations, let ¢; = I’ { m}a..]) where I' results from the Choleski decom

position of 2 = A~! (i.e., @ = !I'T). Note that with this transformation, ¢; ~ N; (ﬁi:I;,IJ) where
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The full conditional distribution of 3; has the form:
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Because this full conditional is not of usual form, a (random walk) Metropolis—Hastings update is
implemented. A candidate ﬁl@ is sampled from a uniform distribution whose support is centred on the

current value of §3;:
B9 ~ Unif (max(ming, 8; — 5¢"), min(maxg. 5 — 5))

The 6§ﬁ)’s’ are adjusted for each §; during pilot runs to obtain acceptance rates ranging between Ty
and Timax. As a default, Tnin = 0.25 and Tpax = 0.4 as usually recommended (Gilks et al.l |1996).

As the proposal may not be symmetric, the candidate value 8;( is accepted with probability min(1, wl(.ﬁ))
according to the Metropolis—Hastings rule where :
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6.2 If6; = O0in the AUX model

In this case, §; is simply sampled from its prior distribution since:

Bi 1 6; = 0,. ~ Unif(ming, maxg)

7 Update of the 6,’s (AUX model)

The parameters ¢; are updated iteratively one locus at a time. Since these variables are binary auxiliary
variables, the full conditional distribution is a Bernoulli distribution allowing a simple Gibbs update.
Indeed:
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(see|6.1|for a definition of the definitions of ¢;; and ¢,)
Hence:
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8 Update of P (AUX model)

The full conditional distribution of P is a Beta distribution allowing a simple Gibbs update. Indeed:
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